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Abstract: To address the problems of incomplete feature extraction and high mismatch rates in traditional stereo matching of 
ultra-thin strip materials for power battery top covers, a stereo matching method integrating edge enhancement and robust 
matching is proposed. First, the Canny edge detection algorithm is employed to accurately extract the edge contours of the power 
battery top cover, suppressing image noise while ensuring edge continuity and local feature integrity. Then, the SIFT algorithm 
is used to achieve cross-scale matching of feature points between the left and right images, enhancing robustness against 
deformation and rotation. Finally, the RANSAC algorithm is applied to eliminate mismatched points and construct a high-
precision stereo matching model. Experimental results show that compared with the traditional NCC algorithm, the proposed 
stereo matching method improves the matching rate by 2.7% and reduces the matching time by 12.4 seconds; compared with the 
SGM algorithm, it increases the matching rate by 4.68% and shortens the processing time by 9 seconds, significantly optimizing 
the stereo matching performance for ultra-thin strip materials. 

Keywords: Power battery top cover; Ultra-thin strip material; Stereo matching; Canny edge detection; SIFT algorithm; 
RANSAC algorithm. 

 

1. Introduction 
With the rapid development of the new energy vehicle 

industry, the quality and performance of power batteries have 
garnered increasing attention. As a critical component of the 
power battery, the production quality of the power battery 
cover directly affects the safety and reliability of the battery 
[1]. During the production process of the cover, quality 
inspection is of paramount importance. Traditional inspection 
methods for power battery covers primarily include manual 
visual inspection and non-contact inspection. Manual visual 
inspection [2] suffers from low efficiency and low accuracy, 
and is easily influenced by subjective factors, leading to poor 
consistency of inspection results and a high rate of missed 
detections. Non-contact inspection methods [3-5] mainly 
include X-ray inspection, ultrasonic inspection, and computer 
vision inspection. X-ray and ultrasonic inspection can 
penetrate materials to detect internal defects, but they pose 
issues such as radiation safety risks and high costs. Computer 
vision inspection, on the other hand, does not require contact 
with the test object and offers advantages such as high 
efficiency and low cost. The above methods are suitable for 
small-batch sampling inspection and require specialized 
personnel to manually inspect the sampled specimens using 
dedicated equipment, making them incapable of meeting the 
real-time, full-inspection requirements of high-reliability, 
high-safety power battery production lines. 

In recent years, with the advancement of computer vision 
technology, binocular vision measurement systems have 
provided a new approach for power battery cover inspection. 
Wang Wei et al [6]. proposed a point cloud-based local 
flatness detection method that uses clustering and template 
matching algorithms for point cloud alignment, significantly 
reducing computation time while achieving high alignment 
accuracy. Binocular vision technology can acquire three-

dimensional information of objects, offering a new avenue for 
material inspection. Toki et al [7]. proposed a binocular stereo 
vision method utilizing machine learning techniques, 
employing two machine learning algorithms, Support Vector 
Machine and Random Forest, for stereo matching and 
pedestrian detection. Ismail et al [8]. developed a non-contact 
high-precision measurement system based on binocular 
stereo vision technology, accurately obtaining three-
dimensional data of the detection target. To detect surface 
defects such as undercuts and depressions in laser-welded 
aluminum alloy thin sheets, Zhang Chen et al [9]. developed 
a deep learning-based online defect monitoring system for 
rapid measurement of defect dimensions. Addressing the 
limitations of traditional manual measurement of sheet 
dimensions, such as low precision, heavy workload, and 
susceptibility to surface damage, Wang Haomeng et al [10]. 
designed a sheet dimension vision measurement system based 
on binocular vision technology. This system uses a region-
growing algorithm combined with dilation and erosion 
operations to extract the sheet surface contour, and calculates 
the three-dimensional coordinates of points on the contour 
based on the principle of triangulation, thereby achieving 
high-precision dimension measurement of the sheet. 

The above studies provide new stereo matching methods 
and insights for ultra-thin strip-shaped materials. However, 
due to the unique shape and optical characteristics of such 
materials, traditional stereo matching methods struggle to 
meet the high-precision inspection requirements. Therefore, 
this paper proposes a "three-level stereo matching 
optimization method" (edge detection — feature matching — 
robust optimization) suitable for ultra-thin strip-shaped 
materials for power battery covers. First, an improved Canny 
edge detection algorithm is used to accurately extract the 
contour of the power battery cover. Then, the feature point-
based SIFT (Scale-Invariant Feature Transform) algorithm is 
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employed to enhance matching accuracy. Finally, the 
RANSAC (Random Sample Consensus) algorithm is applied 
to eliminate mismatched points in the model, yielding high-
precision stereo matching results. 

2. Existing Problems in Traditional 
Stereo Matching 

As shown in Figure 1, the power battery cover assembly is 
mainly composed of components such as the cover plate, 
explosion-proof valve, and injection-molded terminal, with 
dimensions of 173 mm × 53 mm and a thickness of 2 mm. Its 
function is to seal the top of the battery cell, ensuring isolation 
between the interior of the battery and the external 
environment, while providing necessary electrical 
connections and safety protection[11]. 

 
Figure 1. Power battery top cover assembly 

From the composition and materials of the power battery 
cover, it can be seen that its structure is complex and its shape 
is unique. Therefore, ultra-thin strip-shaped materials such as 
the power battery cover often present the following problems 
in traditional stereo matching[12]: 

(1) Loss of geometric features 
The width of ultra-thin materials may occupy only a few 

pixels (or even sub-pixels), making it difficult for local 
windows (e.g., SAD, Census) to extract effective texture, and 
the disparity calculation is easily overwhelmed by 
background pixels. 

(2) Edge aliasing and jagging effects 
The edges of thin materials exhibit jagging due to pixel 

discretization, resulting in discontinuous disparity jumps at 
edges and making the matching cost function (e.g., NCC) 
sensitive to sub-pixel offsets. 

(3) Highly reflective or transparent materials 
Surfaces such as metal wires and glass fibers are prone to 

specular reflection or transmission: there is a significant 
brightness difference between the left and right views (e.g., 
one side is reflective while the other side is invisible), 
rendering traditional intensity-based matching (e.g., SSD) 
ineffective. 

(4) Occlusion and fragmentation 
Sleder objects may be partially occluded: mismatches 

occur in fragmented regions (e.g., background pixel filling), 
making it difficult to maintain continuity (e.g., failure of path 
aggregation in SGM). 

3. Three-Stage Stereo Matching 
Optimization Method 

The stereo matching process adopted in this paper is shown 
in Figure 2. It includes: image acquisition, camera calibration, 
image rectification, target contour extraction, feature point 
matching, and mismatching removal. 
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Figure 2. Stereo Matching Process 

Since there may be differences in the positions and 
parameters of the two cameras, camera calibration is required 
to accurately calculate the three-dimensional information of 
the object. The purpose of camera calibration is to determine 
the intrinsic parameters of each camera (such as focal length, 
principal point position, distortion coefficients, etc.) and 
extrinsic parameters (such as rotation matrix and translation 
vector, which describe the relative position and orientation 
relationship between the cameras). The calibration method 
used in this experiment is Zhang Zhengyous calibration 
method [13]. The selected calibration board pattern is 8 × 6, 
with a grid square side length of 15 mm and an accuracy of 
±0.01 mm. Calibration was performed using the MATLAB 
calibration toolbox, and the calibration parameters are shown 
in Table 1. 

Table 1. Binocular stereo vision calibration results 
 Left camera 

internal 
reference 

















10941.2424662.415
08374.4120
002234.412

 
distortion 
coefficient 

0246.01 =K , 0453.02 −=K  
0015.01 =P , 0092.02 −=P  
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 Right camera 

internal 
reference 

















16143.2413417.412
01630.4130
000311.412

 
distortion 
coefficient 

0143.01 =K , 0179.02 =K  
0020.01 =P , 0114.02 −=P  

 
 Left camera Right camera 

Rotation 
matrix R 
















−−
−

10017.00073.0
0017.011780.3
0073.00558.31

 
translation 

vector t [ ]6191.12354.09493.56 −−  

3.1. Edge Contour Extraction—Canny 
Detection Algorithm 

To address issues such as image noise interference and loss 
of edge continuity during the matching process for ultra-thin 
strip-shaped materials like power battery covers, the Canny 
edge detection algorithm is used to extract the edge contour. 
The Canny algorithm is a multi-stage edge detection 
algorithm based on optimal detection criteria, designed to 
effectively suppress noise while maintaining edge continuity. 
By processing the image with the Canny operator, the edge 
information of the material can be effectively detected while 
suppressing noise interference [14]. The key steps of this 
algorithm [15] include: Gaussian filtering for noise reduction, 
calculating gradient magnitude and direction, non-maximum 
suppression, and dual-threshold detection. The Canny 
algorithm process is shown in Figure 3. 

To reduce noise while preserving edge information, a 
convolution operation is performed using a two-dimensional 
Gaussian kernel with good noise reduction performance. The 
Gaussian filter, as a linear filter, is obtained by sampling a 
two-dimensional Gaussian function followed by 
normalization. In the Canny operator, the two-dimensional 
Gaussian function used is expressed in Equations (1) and (2). 
By applying this filter, it is possible to suppress noise while 
retaining the edge features of the image, providing a more 
accurate foundation for subsequent edge detection. Here, (x, 
y) are the coordinates in the filter kernel, and σ is the standard 
deviation of the Gaussian distribution, which controls the 
smoothing degree of the Gaussian filter. The larger the σ, the 
smoother the filtered image. 
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Where: 
G is the Gaussian filter; 
I is the convolutional image to be detected; 
* denotes the convolution operation; 
S is the smoothed image. 
Assuming the normal direction of a certain edge is θ, the 

components Gx and Gy of the pixel point gradient on this 
edge in the x and y directions are given by Equations (3) and 
(4): 
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The gradient magnitude M and direction θ of the pixel point 
are then given by Equations (5) and (6), respectively: 

 22
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Figure 3. Flowchart of Canny algorithm 

After calculating the gradient magnitude and direction, 
non-maximum suppression is applied to the gradient 
magnitude. The purpose is to find local maxima along the 
gradient direction and set the gradient magnitudes of other 
non-maximum points to zero, thereby thinning the edges. 

3.2. Cross-Scale Feature Matching—SIFT 
Algorithm 

To address issues such as non-uniform deformation (e.g., 
local bending) and out-of-plane rotation (tilt) of ultra-thin 
materials, representative feature points on the contour, such 
as points with significant curvature changes and endpoints, 
are selected after contour extraction. The SIFT algorithm is a 
feature extraction algorithm that maintains stability across 
different scales and rotations, exhibiting robustness to scale 
changes, rotation, occlusion, and viewpoint variations. 
However, due to its computational steps involving multi-scale 
space construction, feature extraction, and descriptor 
generation, it incurs a relatively high computational cost [16-
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17]. The SIFT (Scale-Invariant Feature Transform) algorithm 
is used to match feature points between the left and right 
images, establishing preliminary correspondences. Although 
the SIFT algorithm is computationally intensive, it provides 

reliable matching results for material images with certain 
rotations and scale variations[18]. The SIFT algorithm 
process is shown in Figure 4.
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Figure 4. SIFT algorithm flowchart 

The calculation formulas for the gradient magnitude m(x,y) 
and orientation θ(x,y) are given by Equations (7) and (8), 
respectively: 

))1,()1,(),1(),1((

),(
22 −−++−−+

=

yxLyxLyxLyxL

yxm
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Where L(x,y) is the Gaussian-blurred image at the scale 
where the keypoint is located. 

3.3. Mismatch Elimination—RANSAC 
Algorithm 

Due to issues such as possible discontinuities and noise at 
the edges of ultra-thin strip-shaped materials, mismatches 
may occur in the matching results. RANSAC is a robust 
model fitting algorithm [19], widely used in data containing 
noise and outliers. Its core concept is to estimate model 
parameters through multiple random samplings and select the 
optimal fit. To improve matching reliability, the RANSAC 
(Random Sample Consensus) algorithm is used to filter the 
matching point pairs. This algorithm randomly selects sample 
points, fits a model, and calculates the support of other points 
for the model, thereby eliminating mismatched points that do 
not conform to the model. After processing with the 
RANSAC algorithm, more accurate stereo matching results 
can be obtained. 

Basic Concept of the RANSAC Algorithm [19]: Randomly 

select a minimal sample set from the data (e.g., 2 points for 
fitting a line, 3 points for a plane) and compute the model 
parameters. Use these parameters to classify all data into 
"inliers" (data conforming to the model) and "outliers" 
(anomalies that do not conform). Through iterative 
optimization, the model with the largest number of inliers is 
selected as the final result. The RANSAC algorithm process 
is shown in Figure 5. 

The specific steps are as follows: 
(1) Parameter Initialization: Set parameters for the 

RANSAC algorithm, such as the number of iterations, inlier 
threshold, and minimum number of inliers. 

(2) Iteration Start: Enter the iterative loop of RANSAC. 
(3) Random Sampling: Randomly select the minimum 

number of point pairs from the initial set of matching point 
pairs to compute the model parameters (e.g., the fundamental 
matrix). 

(4) Model Calculation: Compute the corresponding model 
(e.g., fundamental matrix) based on the randomly selected 
point pairs. 

(5) Inlier Screening: For all matching point pairs, calculate 
the error with respect to the current model (e.g., epipolar 
geometry error). If the error is less than the inlier threshold, 
the point pair is classified as an inlier. 

(6) Model Evaluation: Count the number of inliers 
corresponding to the current model. If the number of inliers 
exceeds the minimum required number and is greater than the 
previously recorded maximum number of inliers, update the 
optimal model and the maximum number of inliers. 
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(7) Iteration Termination Judgment: Determine whether the 
preset number of iterations has been reached. If not, return to 
continue iterating; if yes, terminate the iteration. 

(8) Output Result: Output the set of inliers corresponding 
to the optimal model, i.e., the filtered matching point pairs.
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Figure 5. RANSAC algorithm flowchart 

4. Experimental Validation and 
Comparative Analysis 

To verify the feasibility and effectiveness of the proposed 
stereo matching method, stereo matching experiments were 

conducted based on the power battery cover. The 
experimental test environment consists of an Intel(R) 
Core(TM) i5-12600KF processor, 35 GB of RAM, and a 64-
bit Windows 11 operating system. The experimental platform 
is MATLAB R2022a. The image acquisition platform used in 
the experiment is shown in Figure 6. 

 
a. Hardware structure diagram              b. Physical structure diagram 

Figure 6. Structure of the detection platform 

4.1. Experimental Verification 
4.1.1. Canny Edge Detection Results 

As shown in Figure 7, the comparison between the original 
images and the edge maps extracted by Canny edge detection 
for the left and right cameras is presented. Through 
comparison, it can be observed that the contours extracted by 
Canny edge detection are not only continuous and complete 
but also retain local feature information, such as scratches on 

the cover surface and defects around the injection-molded 
terminals. The completeness of edge extraction reaches 
92.3%. 
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a. Left image contour extraction 

 
b. Right image contour extraction 

Figure 7. Canny edge detection result 
4.1.2. SIFT Matching Results 

As shown in Figure 8, the initial matching effect of the 
SIFT algorithm includes the matching of edge features, 
surface defects, and internal features of the left and right 
images. Experimental results demonstrate that the initial SIFT 
matching method based on edge constraints can extract 326 
pairs of initial matching point pairs, meeting the requirements 
of stereo matching; the correct matching rate reaches 78.86%, 
which is an increase of 13.56% compared to the initial SIFT 
matching without edge constraints (correct matching rate of 
65.3%), indicating that edge constraints can effectively 
reduce invalid feature points in the background region and 
lower the mismatch rate; the matching time is 2.6 seconds, 
which can meet the requirements of industrial real-time 
inspection. 

There remain a certain number of mismatched point pairs 
(approximately 21.14%) in the initial matching results, 
mainly due to factors such as similar texture in some areas of 
the cover surface and uneven illumination. Further robust fine 
matching algorithms are required to eliminate mismatched 
points and improve matching accuracy. 

 
Figure 8. SIFT algorithm matching performance 

4.1.3. RANSAC Optimization Results 
Experimental results show that after RANSAC fine 

matching, the correct matching rate increased from the initial 
78.86% to 92.33%, mismatched point pairs were effectively 
eliminated, and matching accuracy was significantly 
improved. The number of fine matching pairs is 301, retaining 
most of the effective initial matching point pairs, which meets 
the requirements of stereo matching. The RANSAC algorithm 
effectively removes mismatched points from the initial SIFT 
matching through a geometric constraint model. The fine 
matching process is shown in Figure 9. As shown in Figure b, 
the red contour represents the left image, the blue contour 
represents the right image, and the matching details of the 
feature points between the left and right images can be 
observed. 

 
Figure 9. RANSAC algorithm matching result 

4.2. Comparative Experiment 
To verify the effectiveness of the method proposed in this 

paper, three comparison schemes were adopted: 1) using only 
the SIFT + RANSAC algorithm combination; 2) using only 
the Canny + RANSAC algorithm combination; 3) comparison 
with traditional matching algorithms such as the Normalized 
Cross-Correlation (NCC) algorithm and the Semi-Global 
Matching (SGM) algorithm. 

Table 2. Comparison of experimental results of different 
algorithms 

types of algorithms matching 
rate (%) 

matching 
duration(s) 

mean 
parallax 

SIFT+RANSAC 80.42 2.9 26.32 
Canny+RANSAC 78.86 2.6 28.29 

NCC 89.63 15.6 32.21 
SGM 87.65 12.2 25.94 

the method 
proposed in this 

paper 
92.33 3.2 35.23 

 

 
Figure 10. Comparison of Matching Rates 

The experimental results are shown in Table 2.A 
comparison of matching rates is shown in Figure 10. Based 
on the experimental results, the performance of the five 
matching methods is analyzed as follows: 

(1) Matching Accuracy Analysis. The Canny+RANSAC 
matching method yields the lowest accuracy, averaging 
78.86%, primarily because it does not constrain the feature 
point extraction range using the SIFT algorithm. Noise 
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feature points from background regions participate in the 
matching, resulting in a high mismatch rate. The 
SIFT+RANSAC matching method constrains the feature 
point extraction range, eliminating interference from other 
features, thereby improving accuracy to 80.42%. For the 
traditional NCC and SGM algorithms, their standalone 
matching accuracies are relatively high, reaching 89.63% and 
87.65%, respectively. The multi-algorithm fusion matching 
method, built upon the initial Canny+SIFT matching, further 
removes residual mismatches using the RANSAC algorithm, 
enhancing accuracy to 92.33%. This demonstrates that this 
method can effectively improve matching correctness. 

(2) Matching Efficiency Analysis. The Canny+RANSAC 
matching method achieves the highest matching efficiency, 
with an average matching time of 2.6 seconds per image pair. 
This is mainly due to its relatively simple process, which does 
not involve feature matching. The SIFT+RANSAC matching 
method omits the improved Canny edge detection step, 
increasing matching time by 0.3 seconds. The multi-
algorithm fusion matching method adds a RANSAC-based 
precise matching step, resulting in a matching time of 3.2 
seconds, which remains within an acceptable range (the real-
time requirement for industrial inspection is typically within 
5 seconds). Overall, the multi-algorithm fusion matching 
method significantly improves matching accuracy and 
precision at the cost of a slight reduction in matching 
efficiency, making it suitable for practical applications in 
power battery top cover stereo matching. 

(3) Average Disparity Analysis. The average disparity error 
of the multi-algorithm fusion method is only 0.8 pixels, which 
is significantly lower than that of other algorithms: it is 55.6% 
lower than NCC (1.8 pixels), 46.7% lower than SGM (1.5 
pixels), 61.9% lower than Canny+RANSAC (2.1 pixels), and 
38.5% lower than SIFT+RANSAC (1.3 pixels). The low 
disparity error indicates that this method can accurately 
compute disparity values for feature point pairs, providing 
high-quality data support for subsequent 3D reconstruction 
and ensuring the precision of defect three-dimensional size 
measurement. 

5. Conclusion 
To address the problems of difficult feature extraction and 

high mismatch rate in traditional stereo matching for ultra-
thin strip-shaped materials such as power battery covers, a 
three-stage process consisting of Canny edge enhancement, 
SIFT feature matching, and RANSAC mismatch elimination 
is adopted, significantly improving matching accuracy and 
efficiency. Through experimental verification, the following 
conclusions are drawn: 

(1) Canny edge detection can effectively suppress image 
noise interference while maintaining edge continuity. On this 
basis, feature points in the left and right images are matched 
using the SIFT algorithm, and mismatched points are 
removed using the RANSAC algorithm, yielding more 
accurate stereo matching results. 

(2) Compared with traditional stereo matching algorithms, 
the matching rate is improved by 2.7% and the matching time 
is reduced by 12.4 seconds compared to the NCC algorithm; 
compared to the SGM algorithm, the matching rate is 
improved by 4.68% and the matching time is reduced by 9 
seconds. These results demonstrate the effectiveness of the 
method proposed in this paper. 
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